Preview wind speed measurements from a forward looking Light Detection and Ranging (LIDAR) system located in the hub of a wind turbine can be used by a feedforward blade pitch control system to mitigate structural loads. For individual blade pitch control, a separate preview estimate of the effective wind speed encountered by each blade must be available. One way of providing an estimate of the blade effective wind speed is to implement a hub mounted spinning lidar that scans the wind field at the rotational rate of the rotor such that the measured wind will reach the blade after some delay. In this way, both the lidar measurement and the wind turbine blade rotationally sample the wind field. The benefit gained by using preview wind speed measurements strongly depends on the correlation between the measured wind and the wind that interacts with the blades. In this research, the coherence between rotating lidar measurements and blade effective wind speed is calculated and analyzed using a spectral model of the wind field. The simulated wind field uses an isotropic von Karman spectrum and contains a model of wind evolution described by a longitudinal spatial coherence function. The coherence between stationary measurements and stationary blade effective wind speeds decreases to zero near the 1P rotational frequency of the turbine. However, measurement coherence between rotating lidar measurements and blade effective wind speed remains much higher and does not decay until higher frequencies. 
Preview wind speed measurements from a forward looking Light Detection and Ranging (LIDAR) system located in the hub of a wind turbine can be used by a feedforward blade pitch control system to mitigate structural loads. For individual blade pitch control, a separate preview estimate of the effective wind speed encountered by each blade must be available. One way of providing an estimate of the blade effective wind speed is to implement a hub mounted spinning lidar that scans the wind field at the rotational rate of the rotor such that the measured wind will reach the blade after some delay. In this way, both the lidar measurement and the wind turbine blade rotationally sample the wind field. The benefit gained by using preview wind speed measurements strongly depends on the correlation between the measured wind and the wind that interacts with the blades. In this research, the coherence between rotating lidar measurements and blade effective wind speed is calculated and analyzed using a spectral model of the wind field. The simulated wind field uses an isotropic von Karman spectrum and contains a model of wind evolution described by a longitudinal spatial coherence function. The coherence between stationary measurements and stationary blade effective wind speeds decreases to zero near the 1P rotational frequency of the turbine. However, measurement coherence between rotating lidar measurements and blade effective wind speed remains much higher and does not decay until higher frequencies.
Nomenclature

CPSD
Cross Power Spectral Density PSD Power Spectral Density LIDAR Light Detection and Ranging NREL National Renewable Energy Laboratory 1P turbine rotational frequency C Q coefficient of torque S xx (f ) power spectral density of signal x S xy (f ) cross power spectral density between signals x and y γ 
I. Introduction
Combined feedforward/feedback control of wind turbines for structural load mitigation using blade pitch relies on preview measurements of the wind field disturbance, as shown in Fig. 1 . Wind is measured at a preview distance d ahead of the turbine using a Light Detection and Ranging (LIDAR) system, allowing for d/U seconds of preview, where U is the mean wind speed. The original wind is not measured perfectly by the lidar but the lidar measurement is used to obtain an estimate of the u, or longitudinal, component of the wind. As the original upstream wind advects toward the wind turbine at the mean wind speed U , it typically does not obey Taylor's frozen turbulence hypothesis, 1 but instead evolves, which is commonly described by a coherence loss between points in the wind field separated longitudinally, or in the mean streamwise direction. 2 The feedforward controller is designed to use the preview measurements of the wind field to partially mitigate the effects of the wind disturbance at the rotor. The degree to which variables such as structural loads can be reduced using feedforward control depends on the correlation between the wind speed preview measurements and the wind that reaches the rotor. Recent research on preview-based feedforward control of wind turbines can be classified as using either collective pitch or individual pitch. Collective pitch control requires an estimate of the effective wind speed across the entire rotor disk to regulate output variables such as rotor speed and tower loads.
3 Individual blade pitch control, however, allows for reduction of the loads experienced by each separate blade, which could also be transferred to non-rotating components on the turbine. 4 Individual pitch control requires more sophisticated measurement of the wind field so that variations throughout the rotor plane can be detected. Research on independent pitch control can be further classified as belonging to one of two categories.
5 Controllers using a simplified wind field model containing a collective component, vertical shear, and horizontal shear constitute one category. 6, 7 Multiple lidar measurements are used to form a best-fit estimate of the collective and shear components to mitigate cyclic loads. This category of individual pitch control works well in steady winds. However, in a turbulent wind environment the blades experience loads at all frequencies, not just the rotational frequency of the turbine and its harmonics, and a model containing only collective and shear components no longer accurately describes the wind field. The second category of individual pitch controllers uses a separate preview measurement for each blade. 7, 8 The lidar measurements are not fit to a simplified model, but are used to control each blade independently. This paper analyzes lidar measurements for the latter type of individual pitch control where the correlation between a rotating lidar measurement and the rotating wind speed experienced by a blade, called the blade effective wind speed, is of interest.
The wind speeds that are experienced by the blades as they rotate through the wind field are influenced by rotational sampling of the wind field. Similarly, measurements from a spinning lidar sweeping out a circle ahead of the rotor experience rotational sampling of the wind field. The spectra of a rotationally sampled wind field is very different than the spectra of a wind field sampled at a fixed position. Instead of experiencing only the temporal variations in the wind, rotational sampling causes the blades and lidar to detect variations from passing through the spatial structure of the wind field. Due to the effects of rotational sampling, some energy from low frequencies in the wind field is transferred to the rotational frequency of the turbine, known as the 1P frequency, as well as the harmonics thereof. 9 In addition, the correlation between a spinning lidar measurement, rotating at 1P, and the effective wind speed at a blade benefits from the spectral effects of rotational sampling. The spatial averaging effects of both lidar and the varying of wind speeds across the blade, and the coherence loss due to wind evolution all cause the coherence between a stationary preview lidar measurement and a stationary blade effective wind speed to decrease with frequency. However, rotational sampling of the time-varying spatial structures in the wind field causes energy in the highly correlated low frequencies to concentrate near the 1P frequency and harmonics of the 1P frequency. As a result, rotational measurement coherence remains much higher as frequency increases than stationary measurement coherence. The resulting increase in measurement coherence at high frequencies is beneficial for individual pitch feedforward control.
The rest of this paper is organized as follows. Section II introduces the lidar measurement process, while blade effective wind speed is defined in Section III. A description of the wind field used is provided in Section IV. Section V discusses the spectra of rotationally sampled wind fields. Results, highlighting the improvement in correlation between lidar measurements and blade effective wind speeds due to rotational sampling, are provided in Section VI. Finally, Section VII concludes the paper with a brief discussion.
II. Lidar Measurements
The lidar measurement scenario used here is shown in Fig. 2 11, 12 With a sampling rate of 50 Hz, the lidar is able to measure 248 points in the wind field per revolution.
Each lidar measurement is a weighted line-of-sight velocity given by
is the unit vector in the direction that the lidar is pointing. u wt , v wt , and w wt are the weighted velocities along the lidar beam such that the vector u wt = [u wt , v wt , w wt ] is given by
where the velocity vector u = [u, v, w] is defined such that the u velocity is in the x direction, v is in the y direction, and w is in the z direction. The minus signs appear in equation 1 because the measured line-ofsight velocity is the projection of the velocity vector onto the direction from the measurement point to the lidar, opposite from the lidar look direction. W (F, R) is the range weighting function with focus distance F and range along the lidar beam R as arguments. The range weighting function along the lidar beam is illustrated by the magenta curve in Fig. 2 . For the continuous-wave ZephIR lidar model used here, W (F, R) is approximated as
where R R is the Rayleigh range and K N is a normalizing constant so that the range weighting function integrates to 1 from R = 0 to ∞. 13 A value of R R = 1,570 meters is used, which is similar to the Rayleigh range of the current ZephIR 300 lidar system.
14 An estimate of the u component of interest is formed by 
Several sources of error exist in a lidar measurement. As revealed in equation 4, range weighting along the lidar beam and detection of the v and w wind speed components cause a degradation in the estimate of the u component. For a fixed scan radius r, increasing the preview distance d will lower the error caused by detection of the v and w components. 15 However, as preview distance increases, error due to wind evolution becomes more severe. 16 While the spatial averaging, or filtering, effect of range weighting causes error in the estimate of the u component, some range weighting is beneficial when the measurement is used to estimate another spatially averaged quantity such as blade effective wind speed. A plot of the lidar range weighting function given in equation 3 as a function of range along the lidar beam is shown in Fig. 3 for focus distances of F = 100.2 m, F = 175.6 m, and F = 253.9 m. These focus distances correspond to the three scan scenarios analyzed in Fig. 9 in Section VI-A.
III. Blade Effective Wind Speed
For collective pitch control, the single wind speed variable of interest is often called the rotor effective wind speed.
3 Rotor effective wind speed is calculated by weighting wind speeds at all points on the rotor disk according to their contribution to total aerodynamic power. Similarly, the wind speed variable of interest at the rotor plane for individual blade pitch control is called the blade effective wind speed. The blade effective wind speed used here is a weighted sum of wind speeds along the blade span such that wind speeds at each location are weighted according to their contribution to overall aerodynamic torque. Aerodynamic torque δQ (r ) produced by a segment of the blade with spanwise thickness δr at radial distance r along the blade can be described using the radially dependent coefficient of torque C Q (r ) as where ρ is the air density and u (r ) is the u component of the wind speed at radial distance r along the blade.
17, 18
Using equation 5, the torque-based blade effective wind speed formed by weighting wind speeds along the blade span according to their contribution to total aerodynamic torque is given by
To enable a more computationally efficient calculation of the spectra of blade effective wind speeds, a linearized form of equation 6 is used instead, given by Figure 4 shows the normalized blade effective weighting function C Q (r ) r 2 as a function of blade span position for the 5-MW turbine generated using NREL's WT Perf code 17 at U = 11.4 m/s, which is the rated wind speed for the 5-MW turbine. The dashed line represents the spanwise distribution of C Q (r ) r 2 for an ideal turbine rotor without aerodynamic losses near the root and tip of the blade. The presence of the hub as well as root and tip losses 18 cause deviations from the ideal curve, especially at blade span positions from 0 to 15 m and from 50 to 63 m.
IV. Wind Field Description
The wind field used to calculate rotational spectra is based on the IEC von Karman isotropic model for neutral atmospheric stability. 19 A mean wind speed of U = 11.4 m/s, rated speed for the 5-MW model, is used, along with a turbulence intensity of 10%. Wind speeds are correlated in the transverse y and vertical z directions as described by the IEC standard. 19, 20 In addition, a model of wind evolution is included to describe the correlation between wind speeds in the longitudinal x direction. Cross-correlation between the Blade Span (%) u, v, and w components is assumed to be zero. While wind shear is not included for the majority of the analyses, its impact on measurement correlation is discussed in Section V-A.
A. Turbulence Spectrum
A turbulence model with isotropic v and w components is used in order to significantly reduce the computational intensity of the spectral calculations described in Section V. Due to its isotropicity, the IEC von Karman turbulence model 20 is used to describe the wind field in this paper. The IEC von Karman isotropic turbulence model is defined by the power spectra in equations 8 and 9, which are provided in the documentation for NREL's TurbSim stochastic wind field simulator. 19 The spectrum of the u component of the wind is given by
where σ u is the standard deviation of the u component, L is a length scale parameter, and U is the mean wind speed of 11.4 m/s. A value of 1.14 m/s is used for σ u , yielding a turbulence intensity of 10%. A value of 147 m is used for the length scale parameter L, as defined in the TurbSim User's Guide for hub heights above 60 meters. 19 The spectrum describing both the v and w components is given by
Note that all three wind components have the same standard deviation σ u .
B. Spatial Coherence
Spatial correlation in the wind field is defined using a coherence function for transverse and vertical separations as well as a separate coherence function for longitudinal separations. The coherence between signals x (t) and y (t) is defined as
where S xx (f ) and S yy (f ) are the power spectral densities (PSDs) of signals x and y and S xy (f ) is the cross-power spectral density (CPSD) between signals x and y. 21 Coherence functions take on values between 0 and 1 and describe the correlation between two signals as a function of frequency.
A model of coherence between the u components of wind speed at locations separated in the transverse and vertical directions, or the yz plane, is defined in the IEC standard 19, 20 as
where a is a decay parameter, d i,j is the distance between points i and j in the yz plane, U is the mean wind speed at hub height, and L c is a coherence scale parameter. The decay parameter and coherence scale parameter are a = 12 and L c = 340.2 m, as suggested by the IEC standard. 19, 20 Although the IEC standard only defines spatial coherence for the u component, equation 11 is used here to describe the correlation of the v and w components in the wind field as well.
Standard wind field models assume Taylor's frozen turbulence hypothesis, 1 equivalent to perfect correlation in the longitudinal direction. Therefore, a separate model of longitudinal coherence is used. An analytic model of longitudinal spatial coherence for a neutral atmospheric boundary layer provided by Kristensen 2 is given by
where
and
U is the mean wind speed, is the length scale of the turbulence, D i,j is the longitudinal separation between points i and j, and σ is related to the total turbulent kinetic energy as
where k represents wavenumber. The length scale is set equal to the length scale parameter L = 147 m used for the von Karman model in equations 8 and 9. Because the turbulent kinetic energy of the von Karman wind field is equal to 1 2 3σ 2 u , a value of √ 3σ u is used for σ. The coherence functions given by equations 11 and 12 describe the correlation of wind speeds for locations separated in the yz plane and the x direction, respectively. Coherence between wind speeds at locations separated in both the yz plane and the x direction is described using the product of equation 11, describing the correlation for the transverse and vertical separations, and equation 12, describing the correlation for the longitudinal separation.
V. Rotationally Sampled Wind Spectra
Using the spectral information of the wind field described in Section IV, the spectra of rotationally sampled wind speeds can be calculated for both lidar measurements and blade effective wind speeds. These spectra are used to calculate the rotational measurement coherence between the lidar measurement and the blade effective wind speed. Because the lidar samples the wind field in discrete time intervals, the rotational spectra are derived in the discrete time domain. Although the wind experienced by a blade is a continuous function of time, the blade effective wind speeds are represented in discrete time as well. The lidar sampling rate of 50 Hz is high enough to capture most of the power in the wind and it is assumed that no aliasing occurs when the continuous-time spectra are converted to discrete time. An outline of the derivation of the formula used to calculate spectra of rotationally sampled signals given the spectra of the stationary signals is provided here.
Let X (ψ, ω) represent the Fourier transform of the azimuth angle-dependent, discrete-time signal x [ψ, n] where ψ indicates the azimuth angle that the signal represents as defined in Fig. 2 
where δ [n] is the Kronecker delta function, with the first non-zero sample beginning at n = ψM 2π , can be written as
The Fourier transform of the rotationally sampled wind field X r (ω) can be formed by summing X s (ψ, ω) in equation 17 over all M azimuth angles ψ in one period, resulting in
Because wind speeds are stochastic signals that are described using power spectral densities rather than Fourier transforms, it is the power spectral density (PSD) and cross-power spectral density (CPSD) functions of rotationally sampled signals that are of interest. The CPSD between rotationally sampled signals x r [n] and y r [n] can be written as 
where 
using results from equation 20. The PSDs for stationary blade effective wind speeds S u ef f (ψ),u ef f (ψ) (ω) and lidar measurements Sû (ψ),û(ψ) (ω) and CPSDs S u ef f (ψ1),u ef f (ψ2) (ω), Sû (ψ1),û(ψ2) (ω), and S u ef f (ψ1),û(ψ2) (ω) are calculated using the spectra of the wind field, the lidar range weighting function, and the blade effective weighting function following the methods described in earlier research. 16 PSDs of rotationally sampled blade effective wind speeds and lidar measurements without wind shear are compared with their stationary counterparts in Fig. 5 . In addition, the PSDs of the rotationally sampled and stationary unweighted u components at r = 44.1 m, or 70% blade span, are included to illustrate the low-pass filtering effects inherent in blade effective wind speeds and lidar measurements. Note that while they were calculated in the discrete-time Fourier domain, the spectra are plotted as functions of temporal frequency for easier analysis. A measurement scenario consisting of scan radius r = 44.1 m, or 70% blade span, and preview distance d = 170 m is used because it was found to minimize measurement error, as will be discussed in Section VI. The rotational PSDs shown in Fig. 5 contain peaks at harmonics of the rotational frequency 1P, which is equal to 0.2017 Hz. Some insight into the presence and location of these peaks can be gained through equation 20. The summation of the stationary spectra sampled at intervals of the rotational frequency 2π M allows for the high magnitude spectral content at low frequencies to contribute to the rotational spectrum at higher frequencies. It is near 1P and its harmonics where the lowest frequencies with the highest power spectral content contribute to the rotational spectrum the most. In addition, the rotational PSDs have higher power than the corresponding stationary PSDs at almost all frequencies above approximately 3/4 of 1P. Rotational sampling has the effect of shifting power from the low frequencies of the stationary PSD to higher frequencies, especially near 1P and its harmonics, while keeping the total power in the spectrum unchanged. Similarly, rotational measurement coherence, described by equation 21 and discussed in Section VI, also exhibits higher values above a threshold frequency compared to stationary measurement coherence and peaks at 1P and its harmonics.
A. The Effect of Wind Shear on Rotationally Sampled Spectra
When wind shear is present, a rotationally sampled wind speed will consist of a periodic component caused by the blade or lidar passing through the mean wind profile and a turbulent component due to the blade or lidar sampling the time-varying wind speeds. The periodic wind speed component due to wind shear only contains power at DC and the 1P rotational frequency and its harmonics. In non-rotating spectra, wind shear is represented by azimuthally-dependent DC components S x(ψ1)y(ψ2) (0) = 2πx [ψ 1 , n] · y [ψ 2 , n]δ (ω), where δ (ω) is the Dirac delta function. Equation 20 reveals that the DC components of the non-rotating spectra will only contribute to a rotationally sampled spectrum at the 1P frequency 2π M rad/s and its harmonics. In a rotationally sampled spectrum, wind shear therefore causes the addition of scaled Dirac delta functions at 1P and its harmonics. Because equation 20 is a linear function of the non-rotating spectra, the spectrum of a rotationally sampled wind field with shear can be described by the summation of the zero-mean turbulent spectrum and the spectrum of the periodic wind speed caused by shear consisting of Dirac delta functions at DC, 1P, and harmonics of 1P.
An example of blade effective wind speed and lidar measurement components at 1P and its harmonics due to wind shear is provided in Fig. 6 . The measurement scenario corresponds to that of Fig. 5 , with a scan radius of r = 44.1 m and preview distance d = 170 m. Wind shear is governed by the power-law model 19 with power-law exponent 0.2. Although only present at 1P and its harmonics, wind shear adds a significant amount of power to rotational wind speeds. In fact, the blade effective wind speed components at 1P and its harmonics contain 72% of the power in the entire rotational blade effective wind speed turbulence spectrum shown in Fig. 5 . Similarly, the lidar measurement components due to wind shear contain 74% of the power in the rotational lidar measurement turbulence spectrum. 
VI. Rotational Measurement Correlation
The scan radius r = 44.1 m and preview distance d = 170 m were found to maximize the correlation metric
with f max = 1 Hz. Equation 22 is the integral from DC to 1 Hz of the measurement coherence weighted by the PSD of the rotating blade effective wind speed. The blade effective PSD is used as a weighting function so that coherence is maximized at frequencies where there is the most power in the wind encountered by the blades. 1 Hz was chosen as the cutoff frequency because pitch actuators do not respond very well to higher frequency pitch commands. 5 Interestingly, r = 44.1 m and d = 170 m are also the optimal parameters for maximizing stationary measurement correlation. Figure 7 shows the rotating measurement coherence for measurements in the wind field described in Section IV with r = 44.1 m and d = 170 m. This standard rotational measurement coherence is compared to measurement coherence for two extreme cases of azimuthal correlation as the lidar and blade rotate. The coherence curve for perfect azimuthal correlation represents a rotational measurement scenario where the lidar measurements and blade effective wind speeds change only as a function of time, not azimuth. This perfect azimuthal correlation is equivalent to a stationary measurement scenario, because the rotational signals are the same as they would be if the blade and lidar were stationary. The coherence curve for zero azimuthal correlation represents the case where blade effective wind speeds and lidar measurements at different azimuth angles are completely independent. This case is similar to a measurement scenario with a wind field that lacks any spatial correlation in the transverse and vertical directions. For the uncorrelated scenario, measurement coherence is simply a periodic function of frequency, alternating between low and high correlation values. Rotational measurement coherence for standard azimuthal correlation remains much higher than stationary measurement coherence, with peaks at 1P and its harmonics, similar to the coherence curve for zero azimuthal correlation. However, correlation still decays at high frequencies, similar to the stationary measurement coherence curve. As was explained in Section V-A, rotational wind speeds can be decomposed into a turbulent component caused by the time-varying nature of the wind field, and a periodic component caused by wind shear. The stochastic nature of the turbulent component causes measurement correlation to be less than 1. But the component due to wind shear is non-random, since it is caused by DC values of the wind field. As a result, the measurement correlation for the periodic component caused by wind shear is equal to 1. This means that the component of the rotationally sampled wind field caused by wind shear can be perfectly measured. As was shown in the example in Section V-A for a power-law exponent of 0.2, the component of rotational blade effective wind speed at 1P and its harmonics due to shear amounts to 72% of the power contained in the turbulent component, which is 42% of the total power. Therefore, 42% of the total power in the rotating blade effective wind speed, due to wind shear, can be perfectly measured using a rotating lidar.
A. The Effect of Preview Distance on Measurement Correlation
As discussed in the previous section, a scan radius of r = 44.1 m and preview distance d = 170 m were found to be the optimal lidar measurement variables in terms of maximizing the integral of the product of rotational measurement coherence and the blade effective power spectrum, described by equation 22, up to 1 Hz. A scan radius of r = 44.1 m, or 70% blade span, is optimal because the lidar is focused on wind that will reach the outboard part of the blade where maximum torque generation occurs, as shown in Fig. 4 . Although the peak of the blade effective weighting function is near 85% blade span, a smaller scan radius yields higher measurement correlation. This is because a measurement at 85% blade span would be too far away from the inboard part of the blade, causing very low measurement correlation with wind that encounters the inboard region. A measurement at 70% blade span is close enough to the peak of the blade effective weighting function to provide very good measurement correlation with that region while slightly increasing the correlation with wind at the inboard region. In addition, the range weighting function of the lidar can extend beyond the tip of the blade if the scan radius is too large. While range weighting is beneficial because it mimics the spatial averaging along the blade span, it can be detrimental when wind speeds outside of the rotor plane are sampled.
The integral of rotational measurement coherence weighted by the PSD of rotational blade effective wind speed, given by equation 22 with f max = 1 Hz, is provided in Figure 8 The stationary coherence curves reveal that as preview distance increases, correlation at low frequencies increases while coherence decays more quickly at higher frequencies. As preview distance increases, the longitudinal correlation between wind at the measurement location and the rotor plane decreases due to the wind evolution model described by equations 12 through 15. This decrease in correlation due to wind evolution causes the high frequencies to decay faster than the low frequencies. On the other hand, as preview distance increases, the measurement correlation at low frequencies increases. This is due to the lidar detecting less of the v and w wind components, which are uncorrelated with the u component of interest. As preview distance increases, the measurement angle between the lidar direction and the longitudinal direction becomes smaller. This causes the magnitude of the At the less-than-optimal preview distance of d = 90 m, the stationary measurement coherence decays to zero relatively slowly, but the low frequency correlation is relatively poor. At the optimal d = 170 m, coherence decays more quickly at high frequencies. However, the measurement angle is very small, and the error caused by detection of v and w components is very low, which causes very high correlation at low frequencies. Beyond d = 170 m, the correlation loss from wind evolution and the increasing size of the lidar range weighting function cause stationary measurement correlation to decline. The decrease in measurement angle, however, only causes a very minor improvement in low frequency correlation. Further details on the tradeoffs between lidar measurement error sources can be found in previous work. 16 It is revealed in Fig. 9 that higher stationary measurement correlation at low frequencies translates to higher rotational measurement correlation at 1P and its harmonics, similar to the redistribution of spectral power from low frequencies to high frequencies illustrated in Fig. 5 . Note that although correlation at the "troughs" between the harmonics of 1P is lower for d = 170 m than it is for d = 90 m, these frequencies are not as important because they contain very little power in the rotational blade effective wind spectrum. Rotational measurement coherence is slightly higher at frequencies very close to 1P and its harmonics at d = 250 m than it is at d = 170 m. However, the coherence only remains high in very small bands near 1P and its harmonics, which causes the overall integral of measurement coherence weighted by the PSD of blade effective wind speed to decrease above d = 170 m.
VII. Discussion and Conclusions
In this paper, a measurement scenario for a wind speed preview-based blade pitch control system was analyzed. The measurement scenario consists of a lidar mounted in the hub of a wind turbine scanning a circle in the wind field at a fixed preview distance and radius. Although lidar can be used to provide measurements for collective pitch control, a measurement scenario intended for individual pitch was investigated. The lidar scans a circle of upstream wind at the same rotational rate as the rotor, allowing for the rotationally sampled wind speeds that a blade will experience to be anticipated. A method for directly calculating the power spectral density of a rotationally sampled wind field given the PSDs and CPSDs of the stationary wind field was provided. The wind field modeled in this research contains isotropic turbulence in the transverse and vertical plane as well as turbulence statistics that do not change with height. Future work is necessary to investigate a more realistic wind field.
It was shown that rotational sampling of the wind field provides much higher coherence between the lidar measurements and blade effective wind speeds than would result from a stationary lidar and fixed blade position. Specifically, results show that through the process of rotational sampling, the spectral content of the stationary signals at very low frequencies contributes to higher frequencies in the rotationally sampled spectra, especially near the 1P rotational frequency and its harmonics. Stationary measurement coherence is high at low frequencies and decays quickly as frequency increases. Due to the high correlation at low frequencies, as well as the redistribution of spectral power from low frequencies to 1P and its harmonics caused by rotational sampling, rotational measurement coherence is able to remain relatively high as frequency increases. Because the energy in the wind experienced by a turbine blade is concentrated around the harmonics of the rotational frequency, exactly where measurement coherence is highest, rotational lidar measurements may be able to provide very accurate preview information about the wind field to a feedforward controller. However, induction effects upstream of the rotor might distort the approaching wind speeds causing additional correlation loss.
The analyses in this paper showed that for the wind field that was modeled, the optimal rotational measurement scenario consists of a scan radius of r = 44.1 m, or 70% of the rotor radius, and a preview distance of d = 170 m, or 1.35 times the rotor diameter. These parameters maximize the integral of measurement coherence weighted by the power spectrum of blade effective wind speed, resulting in the highest overall measurement correlation. The preview time associated with d = 170 m for U = 11.4 m/s is d/U = 14.9 seconds. From a control systems perspective, where perfect wind speed measurements were assumed, Laks et al. 7 and Ozdemir et al. 22 find that a preview time of approximately 0.45 seconds is required for a 600 kW wind turbine operating at U = 18 m/s. Dunne et al. 5 find that a preview time of roughly 3.5 seconds is required for the 5-MW wind turbine model used in this study operating near U = 11.4 m/s. These preview times correspond to preview distances of approximately 8.1 m for the 600 kW turbine and 40 m for the 5-MW turbine. The results from the study documented in this paper suggest that when taking into account a realistic hub-mounted lidar measurement process, the required preview distances and corresponding preview times need to be larger.
The results in this paper indicate that high measurement correlation can be achieved using a rotating lidar to estimate blade effective wind speed. A controller implementing such a strategy would need a separate rotating upstream measurement for each blade. Furthermore, the lidar would need to measure the wind at the azimuth angle where the blade will be located when the approaching wind arrives. This may be difficult when the rotor speed is not constant and rotor induction causes approaching wind speeds to decrease. It is unknown whether the improvements to measurement correlation caused by rotational sampling can only be achieved using rotating measurements. More work is required to study the correlation that can be achieved using multiple fixed lidar beams or other simpler measurement scenarios.
